This paper is concerned with the modeling of both endpoint temperature and carbon content for BOF steelmaking. First, a linear regression predictive model is constructed based on the linear regression analysis method. Next, the response surface analysis method is used to construct a nonlinear predictive model. The significant contribution of this paper is that response surface analysis is proposed for constructing the predictive model of BOF steelmaking. Finally, experiment simulation results show the effectiveness and advantages of the proposed methods.
Introduction
Basic oxygen furnace (BOF) Steelmaking a complexly multi-component and multi-phase Physical and chemical process, where iron and some raw materials are added into the converter, Then the oxygen lance is inserted oxygen points in the furnace mouth, and Oxygen is "blown" into the BOF at supersonic velocities. Until the carbon content and molten steel temperature satisfy the specific standard, the oxygen blowing process stops [1] . The described process is shown in Fig. 1 . Fig. 1 . The basic oxygen furnace (BOF) steelmaking process [1] The Main goal is that the endpoint molten steel quality satisfies the specification for BOF steelmaking. However, due to the frequently changed smelting process operating conditions, it becomes harder to guarantee high predictive accuracy for endpoint carbon content and temperature. In this case, constructing a model that can fully describe the BOF steelmaking process is a key. Recently, data-driven endpoint control has attracted a lot of researchers' attention. Due to the low predictive accuracy, the models used for forecast the tem per ature and car bon content of molten steel at BOF endpoint has rarely applied in the practical BOF steelmaking endpoint control. Some neural network models [2] [3] [4] [5] , grey systems models [6] and BP neural network models [7] are reported based on the steelmaking process statistical data, and certain accuracy is obtained. Different from the above-mentioned literature, response surface analysis method is utilized to construct a temperature and carbon content of molten steel model. An experiment shows the high hit rate is possessed by the model obtained in terms of response surface analysis method
Prediction Models
Linear regression model. Based on linear regression analysis theory [8] , the linear model of the temperature and carbon content at the endpoint of BOF steelmaking can be described below
where T y and C y denote the endpoint temperature and end-point carbon content, respectively. 
where 1 2 , , , n ε ε ε are independent and subject to 2 (0, ) N δ . Set 
where Y is the observation vector, X is the designed matrix. Here, X is column full rank, T α need to be determined, ε is an observation of the random error vector, (4) is called as the matrix formulation of the linear regression model. If Y and 1
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Then we derive normal equations T
Solve it, we can obtain the least squares
By (4), we have ( ) (1) and omit the error term, then
Step2. Similarly, we derive the carbon content at the endpoint linear regression model in terms of linear regression theory.
Step 3. The T y and C y can be predicted from the observed data of variables 1
Response surface model [9, 10] . The model of T y and C y can be expressed as 
where f is unknown and ε is error term. We make an assumption that ε is independent in different tests, mean is zero and variance is 2 δ . Convert X into coding variables 1 
We apply the response surface analysis method. The basic aim of the response surface analysis methods is to maximize or minimize, or achieve the desired response, including testing, modeling, data analysis and optimization. The detailed method is given as follows:
1. Testing: we select a number of important factors, such that the testing can be performed more efficiently and less numbers of tests are required; 2. Modeling, data analysis and optimization. In the first stage, when the test site is away from the optimal (maximum or minimum) position, we should choose a first-order model: x . The coefficients can be estimated in a rank-order test. The center of the test in the test area added into the first-order test can be carried out on the base surface curvature detection.
The second stage begins until the test area is located close to the optimal area or optimal zone. Near the optimal point of response, curvature effect is the dominant term, and the response surface model should be 
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where i β is coefficients of linear term and ij β is coefficients of mutual term. In the research on response surface, both first-order and second-order test includes the most precipitous climb search method and grid search method. It should be pointed out that the mathematical models of T y and C y can be derived by the above method.
Case Studies
Experiment produces 89 furnace data, 59 groups of collected data are trained, and other Other 30 groups of collected data are used to test model. Linear regression model verification. By algorithm 1, we can get the linear regression models of the endpoint carbon content and temperature as follows Fig. 2(a) and Fig. 2(b) show the difference between the predictive values and practical values of endpoint carbon content and temperature. Response surface prediction model verification. Fig. 3 (a) and Fig. 3(b) illustrate the difference between the predictive value and practical value of endpoint carbon content and temperature. Predictive result analysis. Comparison of the endpoint temperature, the endpoint carbon content and hit rate are presented in Table 1 -4. By comparison, the predictive results obtained using response surface analysis method are better than those obtained by the linear regression method. 
Conclusions
In this paper, we develop linear regression analysis and response surface analysis methods to construct predictive model for the endpoint temperature and carbon content of BOF steelmaking. Compared with the model using the linear regression analysis method, the predictive values are great close to the practical values. Experimental simulations are investigated to verify the effectiveness of the proposed methods. Nanotechnology and Advanced Materials II
